Local protein structure prediction efforts have consistently failed to exceed -70% accuracy. We characterize the degeneracy of the mapping from local sequence to local structure responsible for this failure by investigating the extent to which similar sequence segments found in different proteins adopt similar three-dimensional structures. Sequence segments 3-15 residues in length from 154 different protein families are partitioned into neighborhoods containing segments with similar sequences using cluster analysis. The consistency of the sequence-to-structure mapping is assessed by comparing the local structures adopted by sequence segments in the same neighborhood in proteins of known structure. In the 154 families, 45% and 28% of the positions occur in neighborhoods in which one and two local structures predominate, respectively. The sequence patterns that characterize the neighborhoods in the first class probably include virtually all of the short sequence motifs in proteins that consistently occur in a particular local structure. These patterns, many of which occur in transitions between secondary structural elements, are an interesting combination of previously studied and novel motifs. The identification of sequence patterns that consistently occur in one or a small number of local structures in proteins should contribute to the prediction of protein structure from sequence.
involved the tabulation of statistics on sequences that occur in structural motifs of interest (1) (2) (3) (4) (Fig. 1A ). Our approach (Fig. 1B) is essentially the inverse. Instead of investigating the sequence patterns found in predefined local structural environments, we first identify recurring sequence patterns and then investigate their structural correlates.
It is well established that the local sequence-to-structure mapping is not one to one over all of sequence space: identical pentapeptide sequences exist in completely different tertiary structures in proteins (5) . Furthermore, local structure prediction efforts consistently fail to exceed -70% accuracy (6) , suggesting that the mapping from local sequence to structure is likely to be degenerate for a significant fraction of sequence space. In this paper we characterize the degeneracy of the mapping by determining the number of sequence segments in neighborhoods (regions of sequence space) in which the sequence-to-structure mapping is one to one, one to two, and one to three (Fig. 1B) .
The definition of local sequence neighborhoods requires a measure of distance between short sequence segments. Most sequence comparison methods rely on a single global substitution matrix compiled by averaging over all positions in a large set of aligned protein sequences (7) . However, at different positions in proteins, different amino acid residues are likely to substitute for each other, and thus the use of a global substitution matrix is potentially problematic. These problems can be
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circumvented if the two segments being compared are both derived from protein families with multiple members: sequence profiles (8) constructed from sets of aligned sequences contain position-specific information on amino acid substitution patterns.
In previous work (9) , we utilized a measure of the distance between sequence profiles generated from multiple sequence alignments to identify sequence patterns that transcend protein family boundaries. A similar distance measure is used in this paper, and the term "segment" below refers to a segment of a profile generated from a multiple sequence alignment.
The earlier work focused on the identification and characterization of recurring sequence patterns; the focus of the current paper is on the structural correlates of these patterns.
Methods
The clustering procedures have been described in detail in ref. 9 . In brief, 29,921 segments of profiles derived from a nonredundant subset [PDB-select 25 (10) ] of the HSSP database (11) of multiple sequence alfgnments were subdivided into 1200 neighborhoods containing sets of related segments using the K means algorithm (12) and the city block metric N 20
where Fi(k, n) (a profile segment) is the frequency of the kth amino acid in the nth position of segment i and N is the segment length. Because the PDB-select 25 subset contains very few pairs of alignments from even distantly related families, segments in a given neighborhood are necessarily derived from quite different protein families. To capture patterns of different lengths, the procedure was repeated for segment lengths ranging from 3 to 15 residues. Frequently, segments of length 9 to 15 that belonged to neighborhoods with strong sequence-to-structure correlations contained shorter segments, which also belonged to such neighborhoods. To avoid overcounting, the statistics in the tables for a given segment length exclude positions already included in the statistics for a longer segment length.
Secondary structure and solvent accessibility data for each of the segments in each of the neighborhoods were extracted from the HSSP data base using previously described simplifications (6) . The where the pi are the frequencies of occurrence of the indicated secondary structure among the segments in the neighborhood at position i and N is the segment length. For N greater than seven, the lowest scoring position was excluded from the average to allow for ambiguities in secondary structure assignments in transition elements.
To test the statistical significance of the results with the HSSP data set, simulated sequences were generated with the average occurrences and variances of each of the amino acid residues in the HSSP data set, but not the interresidue correlations (9) . To preserve the nonrandom sequential correlations in secondary structure elements, the secondary structure assignments were not shuffled in the simulated set.
The secondary structure consistency within the neighborhoods generated from the HSSP data set frequently exceeded 80%, but it almost never reached 80% in the simulated data set. A consistency threshold of 80% is used throughout the paper: for example, the sequence-to-structure mapping was considered to be one to one if the agreement in secondary structure among the segments within a neighborhood averaged 80% or greater over the length of the segments. Tables 3 and 4 include only a subset of the patterns; unabridged versions are available from the authors by electronic mail.
RESULTS
Sequence segments ranging from 3 to 15 residues in length from a nonredundant subset of the HSSP database of multiple sequence alignments were partitioned into neighborhoods using the K-means algorithm. Because the HSSP database includes at least one sequence of known three-dimensional structure per multiple sequence alignment, the structure (13) .
adopted by each of the segments in each neighborhood is known with reasonable certainty (12) .
Approximately 44% of the positions in the input set of multiple sequence alignments fell into a neighborhood in which a single local structure predominated (Table 1) . For segment lengths 13 and 15, these predominant local structures are primarily helix caps; for segment lengths 7 to 11, helices; and for segment lengths 3 and 5, turns and loops. Although considerably less frequent than the patterns found in helices and turns, a number of patterns were found in turn-to-sheet transitions for segment lengths 7 and 9, and in P-strands for segment lengths 3 and 5. To determine the number of distinct structural elements in the neighborhoods in which the sequence-to-structure mapping was not one to one, the K-means algorithm was used to Table 2 . Distribution of sequence segments among neighborhoods in which the sequence structure mapping is one to one, one to two, To identify neighborhoods that contained two or three different local structures, the segments within a neighborhood were subdivided into two or three groups using the K-means algorithm (12) For each neighborhood, the first row gives the identifier and the number of segments in the neighborhood; the subsequent rows contain summary statistics on each position. Letters within brackets indicate the prominent amino acids at the corresponding position in the neighborhood: capitals indicate frequencies greater than 0.1, lowercase letters, frequencies between 0.07 and 0.1. For example, the third position in the nine-residue pattern characterizing neighborhood 1 is rich in alanine, arginine, and lysine. Positions at which more than seven different amino acids occurred with frequencies greater than 0.05 are represented by r, 4), and . for average hydrophobicities of less than 0.35, greater than 0.65, and between 0.35 and 0.65, respectively. H4) is the sum of the frequencies of occurrence of alanine, valine, isoleucine, leucine, methionine, proline, phenylalanine, and tryptophan. Solvent accessible surface areas (SA) were taken directly from the HSSP files and then normalized by the exposed area of amino acids in Ala-Xaa-Ala tripeptides. Residues with less than 16% of their surface exposed were considered buried. Columns H, S, and T are the number of segments in the neighborhood that are in helix, strand, or turn-loop configurations. Patterns Because nonlocal interactions play an important role in protein three-dimensional structures, local sequencestructure relationships are not absolute. It should be noted that with the 80% consistency threshold used here, up to 20% of the sequence segments in the neighborhoods described in Tables  1 and 2 may adopt local structures different from that of the majority of sequence segments in the neighborhood. Furthermore, the -20% of positions in the HSSP data set not accounted for in Table 2 belong to neighborhoods in which the consistency of the local sequence-to-structure mapping is not significantly greater than that observed in the simulated data set.
DISCUSSION
Our approach uses the vast amount of available sequence data as a guide to identify natural structural groupings that otherwise may be hidden by the complexity of protein threedimensional structures. The two major results are the description of the overall features of the local sequence-to-structure mapping (Tables 1 and 2 ) and the identification of most of the sequence patterns in proteins that consistently occur in a particular type of local structure (Table 3 ). The identification of sequence patterns that correlate strongly with structure has proceeded in a rather piecemeal fashion in the past (most studies have focused on a particular type of local structure and sought to determine whether the sequences found in the structural element in proteins have any distinguishing features); our automated approach has in one pass probably identified virtually all of such patterns. 11 13 Abbreviations are as in Tables 1 and 3. An important issue for approaches to protein structure prediction is the extent to which a local "stereochemical code" operates between sequence and structure (2). Our results have both positive and negative implications for the success of such a code. First, we do find a number of patterns that correlate with local structure, and have not been heretofore described (the a-turn-3 motif in Table 3 , for example). Because the patterns were generated using unsupervised learning methods, they are probably not optimal for the classification problem (12) , but refinement of neighborhood boundaries using structural information could yield some improvement in local structure prediction. However, Table 3 shows that currently well-studied motifs dominate the set of patterns that correlate strongly with structure, suggesting that recent success with helix capping motifs (2, 3) may not generalize to a large fraction of other local structure elements. Secondary structure prediction efforts have traditionally had more difficulty with P-strands, presumably because of their greater dependence on nonlocal interactions, and indeed, 3-strands are conspicuously underrepresented in the set of patterns that correlate strongly with structure (Table 1) . With regard to the question of the contribution of hydrophobicity patterns alone to sequencestructure relationships, we found that considerable resolution was lost, particularly in the case of structural transitions, when sequences were represented using a two-letter hydrophobicpolar code (data not shown).
The explicit treatment of the ambiguity of the local sequence-structure mapping could have useful application to the prediction of tertiary structure from primary sequence. Examples of sequence patterns that are found in two distinct local structures are shown in Table 4 
